Abstract
Introduction
The Transgenetic Algorithms are evolutionary algorithms based upon the endosymbiosis theory and upon other properties of the intracellular flow [4] . The endosymbiosis is the process by which independently evolved organisms become a tightly coupled system and eventually just one organism [9] . The transgenetic algorithms adapt the concepts of endosymbiosis and other properties of the intracellular flow for the computational context, proposing an evolutionary process in which the basis is the information exchanging among individuals of different natures, in general, a population of chromosomes and populations of transgenetic vectors.
The proposed approach is applied to the NP-hard problem named Prize Collecting Steiner Tree Problem (PCSTP), a generalization of the classical Steiner Tree Problem. Given a connected and non directed graph G = (V,E), V = {v 1 ,...,v n }is the node set and E = {e 1 ,...,e m } is the edge set, c : E R + and π : V R + non negative cost functions associated with the edge and node sets, respectively, the problem consists in finding a tree, T = (V',E'), V' ⊆ V, E' ⊆ E, such that it minimizes the summation of the costs of nodes in G not spanned in T and the costs of edges in T. The objective function utilized in this work is due to Goemans and Williamson [3] , equation (I). Two metaheuristic approaches were proposed for the problem: a multi-start method with path-relinking and Variable Search Neighborhood [1] , and a memetic algorithm [6] .
In this paper a Transgenetic Algorithm hybridized with a path-relinking procedure is presented to solve the PCSTP. The path-relinking, which ideas were originally proposed by Glover [2] , is utilized as an intensification technique. The strategy consists in generating a path between two solutions creating new solutions. Given as origin, x s , and a target solution, x t , a path from x s to x t leads to a sequence x s , x s (1), x s (2), …, x s (r) = x t , where x s (i+1) is obtained from x s (i) by a move that introduces in x s (i+1) an attribute that reduces the distance between attributes of the origin and target solutions. The roles of origin and target can be interchangeable.
This paper is organized as follows. Section 2 introduces the biological basis of the Transgenetic Algorithms. Section 3 presents the general architecture of a Transgenetic Algorithm. Section 4 presents the hybrid algorithm proposed to solve the PCSTP. A computational experiment is reported in section 5. Finally, some conclusions are presented in section 6.
Biological basis
The endosymbiotic theory of evolution was popularized by Margulis [9] and states that a new organism can emerge from the fusion of two or more independent beings. The term "endosymbiosis" specifies the relationship between organisms which live one within another (symbiont within host) in a mutually beneficial relationship. Genetic horizontal transfer is well known among bacteria, but only recently it was found in plants and superior animals. A known set of those processes is presented in the literature under the name of "horizontal transfer" whose mechanisms contain plasmids, transformation and transduction. Plasmids are mobile genetic particles that can be exchanged between certain cells. The transformation is a process that allows transferring "pure" DNA from a bacterium to another. Transduction is a process that allows transporting and transferring genes among organisms by means of a virus.
The endosymbiosis, however, does not extinguish the comprehension of the evolutionary paths. There are other possibilities that result on guided genetic alteration in microorganisms and cells, such as the mechanisms of transposition or transposons [11] . Transposons are DNA sequences that are part of other genetic elements such as chromosomes or plasmids. They move from one location to another inside the DNA of a given cell characterizing a transposition (permutation). It is also known, nowadays, that bacteria and cells are able to work with extraintracellular information embedded in several levels. They also show abilities for communication, cooperation and coordination of actions. The ability of bacteria for communicating and coordinating their performance through molecular signs is called "Quorum Sensing" [12] .
The transgenetic algorithm
This paper presents an algorithm with fundamentals in the process of endosymbiosis, and also able to consider other genetic alterations typical of the intracellular context. Besides employing the concept of agglutination of genetic information of more than one individual, the algorithm allows considering intracellular interactions of gene transposition as well as taking advantage of the information embedded on the extracellular environment that does not depend on symbiont vectors, cellular chromosomes or intracellular mechanisms.
The evolutionary process of a transgenetic algorithm is done with the interaction of a population of chromosomes and a group of actors called transgenetic vectors, considering the possibilities of interference of a given environment. A transgenetic vector, λ, is a pair λ = (I, φ), where I is an information string and φ is a manipulation method, φ = (p 1 ,...,p s ), p j , j=1,...,s, are procedures that define the vector's action. When the information string of a transgenetic vector is inserted in a chromosome C, it probably results on a modification of C and its fitness. The procedures that compose the manipulation methods of two transgenetic vectors utilized in the proposed algorithm are: p 1 -Attack -Defines the evaluation criterion that establishes when a chromosome C is sensitive to the manipulation of a transgenetic vector λ , A: C, λ → {false,true}. p 2 -Transcription -If A(C, λ) = "true", the procedure defines how the information I of λ  is transferred to the chromosome C. p 3 -Identification -Identifies the positions that will be utilized to limit the vector operation. p 4 -Recombination -Identifies the origin and the length of each information string, I, transported by a vector λ.
A vector λ is called plasmid when its information string is translated on a genetic code -a DNA substring -and its method utilizes only procedures p 1 and p 2 . A vector λ is called transposon when its method utilizes procedures p 1 , p 2 , p 3 and p 4 . The process of endosymbiotic evolution of the transgenetic algorithms is controlled by rules that simulate the "Quorum Sensing" conducting and the actuation of transposons, named transgenetic rules.
An environmental information database is created. It is a general repository of information. That type of base may contain information obtained a priori and information found out during the execution of the evolutionary process. The control of the evolution of the populations of vectors and chromosomes and of the environment is done by three classes of transgenetic rules. Type 1 rules direct the construction of the information string I that will be transported by the transgenetic vectors. Type 1 rules may utilize any type of knowledge stored in the environmental information database. Type 2 rules define how the information I will be transcribed in a chromosome -the operator that is utilized by λ. Type 3 rules conduct the whole process, defining which vectors will be utilized, the number of chromosomes that will be attacked at a given iteration, the number of vectors that will be created, the stopping rule, etc.
The hybrid algorithm for the PCSTP
The chromosomes represent solutions of the PCSTP. A chromosome is an array where each index represents a node of the original graph and an element is 1 or 0 whether the vertex is in or out the tree, respectively. The nodes in the tree are linked by means of a minimum spanning tree. The algorithm of Prim [10] is utilized to generate that minimum spanning tree. The fitness of a chromosome is given by the value of the objective function defined in equation (I).
The general framework of the transgenetic algorithm implemented to solve the PCSTP is given in figure 1 . Initially, a population of chromosomes is generated. Each chromosome is the result of the following process. At first, a tree is obtained with an implementation of the primal-dual algorithm proposed by Johnson et al. [5] with perturbations [1] . Then, a minimum spanning tree with the nodes of the tree returned by that algorithm is built. The environmental database contains information obtained a priori and information of the evolutionary process. The information a priori is given by a square matrix of order n containing the vertices of the shortest path between every pair of nodes. The information of the evolutionary process is given by the five best chromosomes of a given iteration, called the elite pool.
Input: Graph
The transgenetic algorithm utilizes two types of vectors: plasmids and transposons. Plasmids utilize the information contained in EID. There are two types of plasmids. The information of the first type of plasmid comes from the matrix of shortest paths and the second type of plasmid obtains information from a chromosome of the elite pool.
The plasmid of the first type tries to include in a chromosome C a demand node (customer) who is not in C. Given a demand node i, such that C[i] = 0, an information string is built with the nodes in the shortest path between i and w. A clone C 0 of C is then manipulated with the inclusion of those vertices and a minimum spanning tree of the vertices of C 0 is obtained. C is replaced by C 0 , if the solution corresponding to C is worse than the new solution corresponding to C 0 . Once this computation has a high computational cost, O(n) for each demand node out of the solution, then a range of indices is randomly selected and only the demand nodes in that range are examined.
Given a chromosome C' of the elite pool, chosen at random, the information string of the second type of plasmid is a segment of C' between two indices, r and s, also randomly selected, |r-s| ≤ n/4. The vertices of C' between r and s are included in a clone C 0 of the chromosome C being attacked by the vector. A minimum spanning tree of the vertices of C 0 is obtained. This operation may result on a tree with leaves that are not demand nodes. In this case, a procedure to remove those vertices is called.
The selection of the plasmid's type depends upon the parameter β that gives the number of the current iteration. The probability to use a first type plasmid, those that have a priori information, is higher at the initial iterations. As the algorithm runs, that probability is being modified and, at the end, the second type plasmid is more likely to be chosen than the other.
The transposon rearranges the genetic code of a chromosome in locci that are determined a priori. The fragment of the chromosome that will be manipulated is chosen at random. Each node of the determined segment is withdrawn and a minimum spanning tree is generated with the remaining nodes of the chromosome. If an improvement of the current solution is found, then the chromosome is replaced by the manipulated one.
While the maximum number of iterations is not reached, the population of chromosomes and vectors interact. The choice of the type of vector to be utilized in the algorithm is also a function of the number of iterations. Initially, plasmids are more likely to be chosen than the transposons. As the algorithm runs, this situation is altered and, at the final iterations, trasposons are more likely to be utilized.
After the manipulation, a procedure of pathrelinking is called (step 12 of figure 1 ). The ideas of Canuto et al. [1] were adapted to be utilized in the hybrid transgenetic algorithm. A set with the 5 best solutions found until the current iteration constitutes a pool of solutions to be utilized in the path-relinking procedure. On the first step, the algorithm finds the solution X who is closest to the solution represented in C. The Hamming distance is utilized. The vector M of differences between X and C is computed. An element of M is 0, if the vertex corresponding to an index is in or out of both solutions, 1 if the vertex is in C and not in X or 2 if the vertex is in X and not in C. M is scanned. If an element 1 (2) is found, the vertex is removed from (inserted in) C. The procedure to generate a minimum spanning tree is called and a new solution is found. If the new solution is better than the solution represented in C, then C is replaced with this new solution.
If the new chromosome is already in the population, it is disturbed. A demand node which is not in the solution represented in that chromosome is added to it. No verification of improvement is done, since the goal of this action is diversification. If the resultant chromosome represents a new best current solution, then it is saved and the elite pool is updated (steps 15-17 of figure 1) . If the manipulated chromosome is better than the original one, then the former replaces the latter (steps 18-19 of figure 1) . However, if the manipulated chromosome is worse than the original, the former can still replace the latter with a probability of 5% (steps 21-22 of figure 1).
Computational Experiments
The experiment was run in a Pentium IV, 2.8GHz, 256 Mb, with Linux and gcc compiler. The 114 instances of the computational experiment are divided in four classes: K, P, C and D. Groups K and P have been generated by Johnson et al. [5] , and are comprised of random geometric instances. Groups C and D have been generated by Canuto et al. [1] and are comprised of unstructured instances derived from the Steiner problem instances of the OR-Library. The optimal solutions of those instances are presented in the works of Lucena and Resende [8] and Klau et al. [6] . Those instances are available at http://www.research.att.com/ flmgcr/data.
Fifty independent runs of the algorithm were executed for each instance. The size of the population is 25, the number of generations is 60. An additional stopping criterion was utilized, being 20 generations without improvement of the best solution.
The performance of the hybrid transgenetic algorithm, HTA, was compared with the published results of the local search with perturbations, LSP, of Canuto et al. [1] and the memetic algorithm, MA, of Klau et al. [6] . The results are presented on tables 1, 2, 3, and 4. The results presented on those tables for the MA and the LSP were obtained from [1] , [6] and [7] .
No significance statistical tests could be done in order to compare the three algorithms. The MA and the LSP could not be implemented in their original form once they utilize some libraries that are not available. Furthermore, lists with the results of distinct runs of those algorithms are also not available. Tables 1-4 show the results of the computational experiment for groups K, P, C and D, respectively. An identification of each instance is given in the first column. Columns labeled %gap show the percent difference from the best solution found by each algorithm and the optimal solution. Columns labeled T(s) show the average time of execution in seconds. 100 are 0, 0.21 and 0 respectively, and 0.06, 0.13 and 0.01 for instances K-400.
For classes K-200, P-100 and P-200, the three algorithms find all the optimal solutions. Finally, for class P-400, LSP exhibits the best performance, followed by the HTA and the MA presents the worse average deviation from the optimal solutions. Tables 4 and 5 show that the LSP and HTA present a close result for instances of class C, with the former presenting a better average than the latter. Both algorithms outperform the MA. Finally, the proposed algorithm exhibits the best average result for instances of class D.
The processing times of LSP can not be compared with the others due to the difference among the platforms. The MA and HTA, however, were implemented in similar platforms. The averages of the processing times show a superior performance of the proposed algorithm.
Conclusion
In this paper a Transgenetic Algorithm that utilizes a path-relinking method for intensification has been proposed for solving the Prize Collecting Steiner Tree Problem. The performance of the proposed algorithm was tested in a computational experiment with 114 benchmark instances. The results were compared with the ones exhibited by a memetic algorithm and a local search procedure with perturbations proposed previously in the literature. It was shown that the proposed approach is very competitive, outperforming the memetic algorithm regarding quality of solution and processing time. Optimal solutions were found for most instances by the proposed approach.
